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ABSTRACT

Model i ng fatigue, sleepiness, and performance is of
significant interest to mlitary |eaders because mlitary
operations often provide limted sleep opportunities for
many i ndi vi dual s. The ANAM Readi ness Evaluation System
(ARES) Conmmander Battery is under consideration as a quick,
i nexpensive mnmethod of testing a crewrenber’s |evel of
functi oni ng. This thesis analyzed data collected during a
previous field fatigue study conducted at the Naval Oficer
| ndoctrination School (AOS) in Newport, Rhode Island.
Li near m xed-effects nodels were devel oped and ARES data
were evaluated for how they vary across participants,

testing sessions, and tinme of day.
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EXECUTI VE SUMVARY

Model i ng fatigue, sleepiness, and performance is of
significant interest in the mlitary operational community.
Because a person is not a reliable judge of his or her own
|l evel of Dbiological sleepiness, conmanders require an
objective nmeans to assess their crewrenbers’ ability to
perform One such nethod is FAST, the software application
based upon SAFTE™ SAFTE™ is a biomathematical node
designed to predict individual and group performance under
conditions of sleep deprivation. Al so, psychonot or
vigilance tests, such as the ARES Conmander Battery,
provide instant feedback on an individual’s ability to
sustain levels of concentration, working nmenory, and nental

ef ficiency.

FAST is currently the preferred tool used to predict
performance. However, days of sleep and activity data nust
be <collected before a neaningful assessnment can be
produced. In contrast, the ARES Conmander Battery takes
|l ess than 10 mnutes and can be administered on a digita
personal assistant. ARES is a new software package that
has not been validated, but is under consideration as a
qui ck, inexpensive nethod of testing an individual’'s |eve
of functioning in a mlitary operational setting.

Sl eep and performance neasures were collected during a
previ ous study conducted in 2003 at Oficer Indoctrination
School (AS) in Newport, Rhode Island. This thesis
includes an analysis of the OS data. Research goals
consist of identifying how ARES Sinple Reaction Tinme and
Continuous Running Menory test scores vary by subject,

Xiii



session, and tinme of day. Additionally, the relationship
bet ween ARES data and FAST performance effectiveness scores
were explored. M xed-effects nodeling was enployed in order
to isolate variability due to both inter- and intra-

i ndi vi dual differences.

Overall, the ARES variables, nmean, nedian, and
standard deviation of participants’ reaction time for
correct responses, show prom se as instantaneous indicators
of human performance decrenent under conditions of mld
sleep deprivation (i.e., an average of six hours per
ni ght). Also, it was discovered that throughput did not
account for variance in FAST performance effectiveness.
Finally, inter-individual differences accounted for a
significant portion of the wvariability in ARES sinple
reaction tine scores, but the session explained nuch of the
variability in ARES continuous running menory scores,

suggesting a possible learning effect.
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. 1 NTRODUCTI ON

A BACKGROUND AND STATEMENT OF THE PROBLEM

Sl eep and perfornmance nmeasures were collected during a
previ ous study conducted in 2003 at Oficer Indoctrination
School (AS) in Newport, Rhode Island. This thesis wll
anal yze resulting ANAM Readi ness Eval uation System (ARES)
actigraphy, and sleep/activity log data. Analysis wll
i nclude how ARES scores vary by subject, session, tine of
day, quality and quantity of sleep.

The actigraphy and sleep/activity log data have been
interpreted, coded and inported into Fatigue Avoidance
Scheduling Tool (FAST) to calculate subjects’ predicted
ef fecti veness. FAST is currently the preferred tool used
to predict performance; it is based upon sleep debt from
previ ous days, a sl eep reservoir, and ci rcadi an
oscillators. However, days of sleep and activity data nust
be collected before a neaningful assessnment can be
produced. In contrast, the ARES Commander Battery takes
|l ess than 10 minutes and can be administered on a digita
personal assistant. ARES is a new software package that
has not been validated, but is under consideration as a
qgui ck, inexpensive nmethod of testing an individual’s |eve
of functioning in a mlitary operational setting.

B. LI TERATURE REVI EW

1. Sl eep Deprivation and Performance Loss

Modern sl eep research began in the md-1950s with the
di scovery of two distinct states of sleep. Over the past 40
years, extensive research has been conducted on sleep,
sl eepi ness, circadian rhythns, and sleep disorders, and how

these factors affect waking alertness and performance
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(Rosekind et al., 1996). Di scussions of fatigue and
subj ective sleepiness and their relationship to alertness
and performance occupy much of the literature. Al t hough
opinions differ, one subject natter expert gives the
foll ow ng definitions of fatigue, al ert ness and
per f or mance:

: Performance conprises cognitive functions

ranging in conplexity from sinple psychonotor

reaction tine, to logical reasoning, working

menory and conplex executive functions. By

al ert ness IS meant sel ective attention,

vigilance, and attentional control. Fati gue

refers to subjective reports of |loss of desire or

ability to continue performng. Addi tionally,

subjective sleepiness is used [to describe]

subj ective reports of sleepiness or the desire to

sl eep (Van Dongen & Di nges, 2000, p. 2).

a. Mlitary Research
Department of Defense funds research on the

effects of sleep deprivation on human performance because
mlitary oper ati ons often provi de [imted sl eep
opportunities for nmany individuals. For exanple, the
pl anned 96-hr SURGEOP on the USS NIMTZ required reduced
sl eep anong personnel (Neri, D nges, and Rosekind, 1997).
Commanders need to know how long their crew can go w thout
sleep before significant inpairment. Captain David Neri,
MSC, USN, Deputy Director of the Cognitive, Neural, and
Bi onol ecul ar Science and Technology Division, Ofice of
Naval Research writes about recent devel opnents in nodeling
fatigue and perfornmance:

Stakes are high in the areas in which nodels are

being used to inform guide and confirm These

areas of current application include, but are not

limted to: predi cting individual and group

per f or mance; evaluating and guiding counter-
measure use; schedule evaluation and design;

2



policy maki ng (e.qg., hour s of service
regul ations); and accident assessnent. For many
in the operational comunity, biomathematica
nodel s of fatigue, sleepiness, and performance
have beconme a significant issue. Mlitary
| eaders, governnment policy makers, and commerci al
custoners are |ooking for concrete answers to
questions such as: how |long can one work, fly or
drive without rest or sleep; how nmuch sleep is
required for recovery; what is the mninmm sleep
necessary to sustain performance; when is a
person nmost at risk for an error, incident, or
accident; and what counterneasures can be taken
at what tinme(s) to reduce these risks to an
acceptable level? (Neri, 2004, p. Al)

b. Problems to Expect wth Extended Sleep
Depri vati on

Sleep deprivation results in physiological and
cognitive changes. Problenms to expect include mcro-
sl eeps, lapses in performance, reduced vigilance, poor
comuni cation, inpaired decision nmaking and short-term
menory, and behavioral fixation. Additionally, sleep
deprived individuals exhibit behavioral changes, such as
slowed reaction tines, increased errors and reduced
performance on primary tasks. Degraded mood and reduced
notivation have also been cited as deleterious effects due
to sleep deprivation (Neri et al., 1997).

C. Nat i onal | npact

The inpact of sleep-related inpairnment is not
limted to mlitary operations. The 2001 Sleep in Anerica
Poll reported the prevalence of <civilian sleep-related

m shaps:
100, 000 sl eep-related car crashes per year;
1,500 fatalities

53% of adults report driving drowsy; 19%



dozed off at the wheel
27% report being sleepy at work at
| east 2 days/ week
19% of adults report maeking errors at work;
2% i njured
(Nati onal Sl eep Foundation, 2001)

Several national disasters have been attributed
to severe sleep deprivation. Two of these include the
Exxon Val dez and Challenger incidents. On the night of
March 24, 1989, the Exxon Valdez oil tanker ran aground,
spilling mllions of gallons of crude oil into the Prince
WIlliam Sound. The cleanup cost was over $2 billion,
| eaving incal cul able environnmental danmage. Addi tionally,
Exxon Corporation was assessed $5 billion in punitive
damages. While the nedia focused on the Captain’s al coho
consunption, the National Transportation Safety Board
(NTSB) found that sleep deprivation was the direct cause of
the accident (Denent & Vaughan, 1999). The followng is an
excerpt from Denent and Vaughan (1999):

The report noted that on the March night when the
Exxon Val dez steamed out of Valdez [, Al aska]
there were ice floes across part of the shipping
| ane, forcing the ship to turn to avoid them
The captain determned that this naneuver could
be done safely if the ship was steered back to
the main channel when it was abeam of a well-
known | andmark, Busby Island. Wth this plan
est abli shed, he turned over command to the third
mate and | eft the bridge. Al t hough news reports
linked much of what happened next to the
captain’s alcohol consunption, the captain was
off the bridge well before the accident. The

direct cause of Anerica’ s worst oil spill was the
behavior of the third mate, who had slept only 6

4



hours in the previous 48 and was severely sleep
depri ved.

As the Exxon Val dez passed Busby Island, the
third mate ordered the helm to starboard, but he

didn’t notice that the autopilot was still on and
the ship did not turn. Instead it plowed farther
out of the channel. Twi ce | ookouts warned the
third mate about the position of I|ights marking
the reef, but he didn’t change or check his
previ ous orders. H's brain was not interpreting

t he danger in what they said. Finally he noticed
that he was far outside the channel, turned off
the autopilot, and tried hard to get the great
ship pointed back to safety—+too late (p. 52).

Anot her national tragedy was the explosion of the
space shuttle Chal | enger. The Roger s Conmm ssi on
investigation concluded that the decision to |aunch the
rocket was an error given the inadequate data on Oring
function at |ow tenperatures. However, according to Denent
and Vaughan (1999), a less publicized fact is that the
Human Factors Sub-commttee cited severe sleep deprivation

of the NASA nmanagers as the cause of the error.

One may fault the enployee(s) for not alerting
their co-workers or supervisor to their inpaired condition.
However, research suggests that humans are not good at
assessing their own inpairnent. Sagaspe (2003) led a study
on fatigue, sleep restriction, and performance in
autonobil e drivers. Sinple reaction tinme, prospective
sel f-assessnment of performance, and instantaneous fatigue
and sleep ratings were neasured at two-hour intervals in
both a sleep laboratory and on the open French highway.
Under conditions of sleep restriction, sonme drivers took
longer to brake in the natural environnment than in the
| abor at ory—an average of 23 neters in breaking distance at
a speed of 75 mles per hour. A linear correlation between
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sel f-assessnent and reaction tine was found in the
| aboratory condition but not in the road conditions. The
researchers concluded that “The |lack of correspondence
between reaction time and prospective self-evaluation of
per f or mance suggest s t hat self-nonitoring in rea
conditions is poorly reliable” (Sagaspe, 2003, p. 277).
Researchers at the Flight Managenent and Human Factors
Di vi sion of NASA Anes Research Center woul d agree:

A person is not a reliable judge of his or her

own |evel of biological sleepiness. Car ef ul

st udi es usi ng physi ol ogi cal nmeasur es of

sl eepi ness have shown that people report a high

| evel of alertness during the day and yet stil

exhi bit significant physiol ogical sleepiness.

Therefore, in attenpting to judge how sl eepy an
individual is, the worst person to ask is that

i ndi vi dual . It is better to rely on other signs
and synmptons of fatigue that are related to
performance decrenents (Neri et al., 1997, p.
11).

2. Sl eep Debt

According to Denent (2000), the average i ndividual
needs one hour of sleep for every two hours awake, which
equates to eight hours per day. However, sone i ndividuals
need nore sleep and sonme need |ess, but each person has a
specific daily sleep requirenent. Supporting evidence
conmes from a recent sleep debt experinment conducted on 36
heal thy subjects who spent 20 days inside a |aboratory
undergoing performance testing and restricted sleep (Van
Dongen, Rogers, & Dinges, 2003). The study reveal ed that
subjects’ estinmated sleep need was 8.2 hours per day and
the estimated standard deviation for i nterindividual
differences in sleep need was 2.6 hours (Van Dongen,
Rogers, & Dinges, 2003).



How people recover from lost sleep is still being
studied. Thus far evidence suggests it must be paid back
possi bly hour for hour (Denent & Vaughan, 1999). Mar y
Car skadon and WIIliam Denent use the term “sleep debt” to
i ken hours of required but unattained sleep to a nonetary
debt which nust be pai d back.

Regardl ess of how rapidly it can be paid back,
the inmportant thing is that the size of the sleep
debt and its dangerous effects are definitely
directly related to the anount of |ost sleep. M
guess is that after a period of substantial sleep
|l oss, we can pay back a little and feel a |ot
better, although the remaining sleep debt is
still [large. The danger of an unintended sleep
episode is still there. Until proven otherw se,
it is reasonable and certainly safer to assune
that accunulated lost sleep nust be paid back
hour for hour (Denent & Vaughan, 1999, p. 60).

Sl eep debt accunulates not only as a result of too few
sl eeping hours, but also from interrupted sleep. Sl eep
researchers have found that hundreds  of noct ur nal
awakenings in a single night, despite normal cunulative
anmounts of total sleep, result in mrkedly increased
dayti ne sl eepi ness (Denent & Vaughan, 1999).

Experiments on healthy adults, sleep restricted for
six or nore days, Yyielded

statistically significant effects on daytine
sl eep | at ency [ sl eep onset], on dayti nme
behavi oral alertness as neasured by psychonotor
vigilance performance [PVT] |apses, on norning
nmet abol i c responses, on endocrine functions and
on imune functions. Mor eover, it appears that
the sleep latency and Dbehavioral al ert ness
effects are directly related to the accunul ation
of sleep debt across days of sleep restriction
(Van Dongen et al., 2003, p. 7).



Wrth noting, a sl eep-dose-dependent relationship
between cunulative sleep debt and psychonotor vigilance
tasks was revealed, but wthin the sane study, waking
el ectroencephal ography (EEG did not show progressive
deterioration with additional sleep debt (Van Dongen et
al ., 2003). Apparently not all neasures of waking function
are good at identifying individuals sleep debt.

3. Sl eep Regul ati on

Sleep debt can accunulate in small increnents over
days, such as during the work week, but, according to
Denent and Vaughan (1999) it is difficult to pay back a
si zeabl e debt over the weekend because of the biologica
clock’s alerting process. The biological clock regulates
sleeping and waking to be in accordance with the daily
rising and setting of the sun and seasonal I'ight
fluctuations. It also synchronizes biochem cal events,
such as chem cal, hornonal, and nerve cell activities that
influence daily fluctuations in feelings and actions
(Denment & Vaughan, 1999). In an excerpt from The Prom se
of Sleep, Denment explains the conpetition between humans’
sl eep drive and bi ol ogi cal cl ock:

The biol ogical sleep drive that causes us to fall

asleep and to remain asleep through the night is

continuously active, even when we are awake. I n

fact, when we are awake the honeostatic sleep

drive is steadily increasing. Qpposing this
sleep tendency is the alerting action of the

bi ol ogi cal cl ock. For humans and other diurnal

animal s, the clock-dependent alerting process is
active in the daytine and inactive at night, with

| onered activity in the early afternoon. The
push and pull of these opposing processes allows
us to stay up all day and sleep all night. In

summary, the main reason we do not fall asleep as
soon as we have been awake for a few hours is
that the honeostatic sleep drive is held at bay

8



by the independent internal stimulation of the
bi ol ogi cal cl ock. The nmain reason that we can
sleep through the night is that we have
accurrul ated sufficient sleep debt during the day
so that the unopposed honeostatic sleep process
is free to operate all night long (p. 80).

The push and pull between the two internal regulators
results in cycles of human wakef ul ness. Below is a graph
depicting a sinplified version of an individual’s 24-hour
al ertness cycle. O her researchers have since |abeled the

two regulators: the honeostatic process and the circadian

process.
High
t
g
<
mid-afternoon
dip
Low
9aM.  nocn 6rM.  midnight 6aAM 9aM
Time of Day
Figure 1. Honeostati c and Circadi an Processes.
[ From Mass, Werry, Hogan, & Axelrod, 1998]
Variations  of the two-process nodel of sl eep

regul ation are used to predict the timng and duration of
sl eep. Van Dongen (2003) tested the nodel in a sleep debt

experiment, described previously. The nodel predicts that
chronic partial sleep deprivation will result in sleep-
dose-related increases in honeostatic pressure. Wthin a

few days, however, the average predicted waki ng honeostatic
pressure stabilizes, suggesting adaptation to chronic sleep

deprivation (Van Dongen et al., 2003).

Additionally, they exam ned whether the two-process

nodel would predict neurobehavioral functioning. The
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difference between predicted honeostatic pressure and
observed PVT performance | apses were calculated relative to
baseline for each individual. Anal ysis showed that the
nodel did not pr edi ct neur obehavi or al per f or mance
capability. The results also confirnmed that sleep debt can
lead to different responses depending on the measure of

waki ng function (Van Dongen et al., 2003).

The circadi an-honeostatic process nodel of sleep
regul ation appears to be mssing a third unidentified
process affecting waking behavioral alertness. Al r eady
identified are interindividual sleep need differences.
Addi tional ly, using waking EEG as a physiol ogi cal marker of
sl eep honeostasis, Van Dongen (2003) found that naturally
short sleepers tolerate a higher honeostatic pressure for
sleep than long sleepers, suggesting a genetic basis for
this variability in sleep need. Another source of natura
variability, called vulnerability to sleep loss, is the
differing magnitude of performance |oss anong i ndividuals
experiencing the same quantity of lost sleep. Using this
additional know edge, a linear mxed-effects nodel was
applied to PVT performance deficits. Wen including inter-
i ndividual variability in ‘sleep need” and ‘vulnerability
to sleep loss’ in the nodel, 82.6% of the variance was
expl ai ned by interindividual differences. I n conparison,
when the random effects were absent from the nodel, the
explained variance dropped to 21.9% “Thus, under
conditions of chronic sleep restriction, sleep debt nay be
defined as the cunulative hours of sleep loss with respect
to the subject-specific daily need for sleep” (Van Dongen
et al., 2003, p. 11).
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Anot her interindividual difference relates to the
tendency to be a “lark” or an “ow”, that is, a norning or
eveni ng person. “Morning- and evening-type individuals
differ endogenously in the circadian phase of their
bi ol ogi cal clock” (Kerkhof & Van Dongen, 1996, p. 153).
Sonme people are consistently at their best in the norning,
whereas others are nore alert and perform better in the

eveni ng.

The three-process nodel of alertness is a recent
expansi on of the two-process nodel of sleep-wake regul ation
described earlier. Sleep inertia is the third process.
Sleep inertia is the performance inpairnent and the feeling
of disorientation experienced inmmediately after waking up.
Studies have reported it to last from one mnute to four
hours with severity related to the duration of prior sleep.
Sleep stage prior to awakening appears to be the nost
critical factor.

Abrupt awakening during a slow wave sleep (SW5)

epi sode produces nor e sl eep inertia than

awakening in stage 1 or 2, REM sleep being

i nter medi at e. Therefore, prior sleep deprivation

usual |y enhances sleep inertia since it increases

SWE. There is no direct evidence that sleep

inertia exhibits a circadian rhythm However, it

seens that sleep inertia is nore intense when
awakeni ng occurs near the trough of the core body

tenperature as conpared to its circadian peak
(Tassi & Muzet, 2000, p. 341).

4. Arousal and Al ertness

According to Denent, the . . . “level of daytine
alertness is probably the nunber-one determ nant of how we
will function nment al | y—+ear ni ng, school per f or mance,
everything . . .” (Denent & Vaughan, 1999, p. 55).
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In the early days of sleep research, rather than
talk about sl eepiness or alertness itself,
researchers neasured the ability of sl eep-
deprived people to perform a task, such as
stacking blocks in the right order or solving
word  puzzl es. They called this measur e
‘performance failure’ or ‘fatigue.’” The problem
with this approach is that a person faced with a
task can tenporarily shake off fatigue. :
Sl eep-deprived test subjects presented with a
task changed the <conditions of the test by
arousi ng thenselves and masking the severity of
their sleepiness, the very thing that researchers
were trying to neasure (Denment & Vaughan, 1999,
p. 56).

I ndi vidual s often feel awake despite |large sleep debts
because sl eepiness is counteracted by arousal. In addition
to the biological clock, excitenment or stress has alerting
effects. While Denment notes that the effects of large
sl eep debt can be overcome in the short term by stinulating
activities, recent studies suggest there is nore to the

matt er. Research on heat |oss and sl eepiness (Matsunoto
M shima, Satoh, Shimzu, & Hishikawa, 2002) found that
anong sl eep deprived vol unt eers, physi cal exerci se

al | evi at ed subj ective sl eepiness depending on the magnitude

of the ~core body tenperature elevation. However,
per f or mance still decr eased, alerting him to t he
possibility . . . “that increased physical activity during
extended wakefulness could increase the dissociation

bet ween subjective evaluation of sleepiness and actual
brain function, resulting in increased risk of human error”
(Mat sunoto et al., 2002).

The U S. Arny Aeronedical Research Laboratory also
exanmined the effectiveness of exercise for sustaining
performance. The study consisted of two sessions. Duri ng

the first session, participants engaged in ten mnute bouts
12



of exerci se throughout a 40-hour period of sl eep
deprivati on. During the second session participants
rested. Conpared with the resting session, participants
were nore alert imediately following exercise, as
evi denced by | onger sl eep | at enci es. However,
“el ectroencephal ogram data collected 50 mnutes follow ng
exercise or rest showed that exercise facilitated increases
in slowwave activity, signs of decreased alertness.
Cognitive deficits and slowed reaction tines associated
with sleep loss were equivalent in both conditions” (Le
Due, Caldwell, & Ruyak, 2000, p. 249). Bot h studies
concluded that exercise inproves alertness, at |east
subj ectively, but does not prevent perfornmance decrenents.

O her research indicates sustained performance under
conditions of sleep deprivation is instable, perhaps
explaining the differences in Iliterature on arousal’s
effect on alertness. Sleep deprivation does not elimnate
the ability to perform neurobehavioral functions, but it
does make it difficult to maintain stable performance for
nore than a few mnutes. In a study investigating the
variability in performance as a function of sl eep
deprivati on, PVT reaction tinme neans and standard
deviations increased markedly anong subjects and wthin
each individual subject in the total sleep deprivation
(TSD) condition relative to the 2-hour nap every 12 hours
(NAP) condition (Doran, Van Dongen, & Dinges, 2001).

Errors of omission [i.e., lapses] and errors of
commi ssion [i.e., responding when no stinmulus was
present ] were highly intercorrelated across

deprivation in the TSD condition, suggesting that
performance instability is nore likely to include
conpensatory effort than a lack of notivation.
The mar ked i ncreases in PVT per f or mance

13



variability as sleep loss continued supports the
‘state instability’” hypothesis, which posits that
per f or mance duri ng sl eep deprivation IS
increasingly variable due to the influence of
sleep initiating nmechanisns on the endogenous
capacity to maintain attention and alertness,
t her eby creating an unst abl e state t hat
fluctuates wthin seconds and that cannot be
characterized as either fully awake or asleep
(Doran et al., 2001, p. 253).

5. Sl eep, Activity, Fatigue and Task Effectiveness
Model (SAFTE™ and Fatigue Avoidance Scheduling
Tool (FAST)

Principal investigator, Dr. Stephen Hursh at Science
Applications International Corporation (SAIC) teanmed up
with talents fromthe Air Force Research Laboratory (ARFL),
VWalter Reed Arny Institute of Research (WRAIR), and Feder al
Railroad Admnistration to develop software to nanage
fatigue and al ertness for the operational conponents of the
Servi ces. Under an Air Force SBIR awarded to NTI, Inc.,
the software was developed and nanmed Fatigue Avoidance
Scheduling Tool (FAST). FAST is an actigraph-based
application of the Sleep, Activity, Fatigue, and Task
Ef fecti veness (SAFTE™) Model, devel oped by Hursh in 1996
but since nodified. SAFTE™ s a three-process,
guantitative nodel that was optimzed to predict cognitive
performance, rather than alertness (Eddy & Hursh, 2001).
The followi ng explanation of the Mdel cones from a paper
circulated at the Fatigue and Performance Mdel i ng Wrkshop
held in Seattle, WA, June 2002, now published in Aviation
Space and Environnmental Medicine (March 2004):

The conceptual architecture of the SAFTE Model is

shown in Figure [2]. The core of this nodel is
schemati zed as a sl eep reservoir, whi ch
represents sl eep-dependent processes that govern
the capacity to perform cognitive work. Under
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fully rested, optinmal conditions, a person has a
finite, maximal capacity to perform annotated as
the reservoir capacity (Rc). Wile one is awake,
the actual ‘contents’ of this reservoir are
depl eted, and while asleep, they are replenished.
Repl eni shnment (sl eep accunulation) is determ ned
by sleep intensity and sleep quality. Sl eep
intensity is in turn governed by both tinme-of-day
(circadian process) and the current |evel of the

reservoir (sleep debt). Sleep quality is nodel ed
as its continuity, or conversely, fragnmentation
in part determined by external, real -world

demands, or requirenents to perform Per f or mance
effectiveness 1is the output of the nodeled

system The | evel of ef fectiveness is
si mul t aneousl y nodul at ed by ti me- of - day
(circadian) effects and the level of the sleep
reservoir. Transi ent post-sleep decay  of

performance is nodeled by the term inertia
(Hursh, et al., 2004, p. A45).

Schematic of SAFTE Model
Sleep, Activity, Fatigue and Task Effectiveness Model

T CIRCADIAN OSCILLATORS 3 us1en

REGULATION PHASE
PERFORMANCE
MODULATION
SLEEP DEBT \
FEEDBACK
LOOP /

SLEEP ACCUMULATIO|
(Reservoir Fill)

ERFORMANCE USE
(Reservoir Depletion)

Sctance Apicanans omarina

Fi gure 2. SAFTE™ Model . [ From Eddy & Hursh, 2001]

In SAFTE™ cognitive performance capacity declines
linearly during continuous wakefulness at a rate of about
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1% per hour awake. “The rationale for both linearity and
the value for the decay slope . . . is derived from a
straight-line fit of cognitive throughput data obtained
during 72 h of total sleep deprivation” (Hursh et al.,
2004, p. A46). Additionally, the nodel estimtes the
circadian process as a two-frequency function. The
circadian process is represented as the sum of two cosine
waves, one wWith a period of 24 hours, the other with a

period of 12 hours.

The two oscillations are out of phase, producing
an asymmetrical wave form a gradual rise during
the day with a plateau in the afternoon and a
rapid decline at night that <closely parallels
published studies of body tenperature. The
circadian rhythm of performance is not a sinple
mrror imge of wvariations in body tenperature.
The asymmetrical circadian rhythm conbines wth a
gradually depleting reservoir process resulting
in a binodal variation in cognitive effectiveness
that closely parallels published patterns of
performance and alertness (Hursh et al., 2004,
p. A47).

The developers of the SAFTE™ Mdel recognize its
short com ngs:

Two major limtations are that the nodel does not

provide an estimate of group variance about the

average performance prediction and it does not

i ncorporate any individual difference paraneters,

such as age, norningness/ eveningness, or sleep

requirenent for full performance (Hursh et al.,
2004, p. A51).

The inportance of these |imtations depends on how the
nmodel is applied. Using the nodel to predict a particular
person’s fitness for duty is subject to higher predictive
error than using the nodel to predict how a group wll
perform (Hursh et al., 2004). O hers have found the

inportance of inter-individual differences to be nore
16



important, explaining nmore than 50% of total variance in
performance deficits resulting fromup to 40 hours of sleep
| oss (Van Dongen, Maislin, & D nges, 2004).

Another limtation of the SAFTE Mddel is that it does
not account for t he effects of phar macol ogi ca
count er measur es, such as stimulants, used to extend
per f or mance or sedati ves t aken to enhance sl eep.
Stinmulants can tenporarily inprove performance in sleep
deprived individuals, but they can also interfere wth
sleep (Hursh et al., 2004).

Critics of the SAFTE nodel state that it requires
validation in the field and nodification in sone areas.
Al though a wvalidation study wth the Departnment of
Transportation Federal Railway Admnistration is planned,
the nodel has not been validated outside the |aboratory
(Kronauer & Stone, 2004). Al so, in conparison of
mat hemati cal nodel predictions to experinental data, the
SAFTE nodel “in general did not predict performance well”
(Van Dongen, 2004, p. Al122). Commentary from the Fatigue
and Perfornmance Model i ng Wor kshop concl uded:

IAlthough the 12-h circadian conponent was

generally felt to be wunnecessary, it was the

linear function in performance decay that nost of

t he audi ence found unacceptabl e. The concept of

zero performance is not supported by experinental
data (Kronauer & Stone, 2004, pp. A55-A56).

1 In Response to Commentary on Fatigue Mddels for
Applied Research in Warfighting, SAFTE devel opers “attenpt
to update and correct sonme of those inpressions, based on
the version of the nodel used at the Seattle conference,
and respond to other concerns about the specific
mat hematical form of some of the nobdel conponents” (Hursch
& Bal kin, 2004, p. A57).
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As previously stated, SAFTE™ was applied in the
devel opnent of FAST, a conputerized tool to manage fatigue
and performance. FAST was originally designed to help
optim ze the operational managenent of aviation ground and
flight crews, although it is not I|imted to that
application. FAST predicts perfornmance effectiveness from
sleep and work-schedule information. Corresponding Bl ood
Al cohol Equi valencies are also given. Note that the
majority of states consider driving with a blood alcohol
| evel at or above .08 (grans per 10 deciliters) illegal.
According to FAST, that blood al cohol |evel corresponds to
a FAST performance effectiveness of 85% Effectiveness at
or above 90% is expected in individuals regularly receiving
8 hours of continuous sleep per 24 hour peri od.
Ef fectiveness below 65% is expected to be critically
i npai red (Eddy & Hursh, 2001).

6. Aut omat ed Neuropsychol ogi cal Assessnent Metrics
(ANAM and ANAM Readi ness Eval uati on Tool (ARES)

Aut omat ed Neuropsychol ogi cal Assessnent Metrics 2001
(ANAMM  2001) is a Wndows-based system consisting of
conputerized tests and batteries designed for clinical and
research applications. The tests were constructed to
measure cognitive processing efficiency in a variety of
psychol ogi cal assessnent contexts t hat i ncl ude
neur opsychol ogy, fitness for duty, nuer ot oxi col ogy,
phar macol ogy, and human factors research (Reeves, Wnter,
Kane, Elsnore, & Bleiberg, 2002). Subtests in ANAMM are
designed to “assess attention and concentration, working
menory, nental flexibility, spatial processing, cognitive
processing efficiency, nenory recall, and arousal/fatigue
|l evel” (Reeves et al., 2002). Qut put i ncludes accuracy,
speed, and efficiency neasures. Validation studies have
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denonstrated that ANAM neasures assess aspects of working
nmenory, processing speed, and recall (Reeves et al., Draft
2002).

ARES (ANAMM Readi ness Eval uation Systen) consists of
a subset of ANAMM tests and was developed for use on
handhel d conputers, such as Personal Digital Assistants
( PDAs) . The ARES Commander Battery is intended to provide
operational commanders with an on-line assessnent of a
crewrenber’s ability to sustain levels of concentration,
wor ki ng menory, and nental efficiency. Al though it was
originally intended for commanders in command and control
centers, it can be used in other mlitary mssions, such as
sustained flight oper at i ons, to assess flight crew
al ertness and readi ness (El snore & Reeves, 2002).

Data output includes the nunber of correct responses,
mean and nedian response tinmes, and throughput, a neasure
that represents both speed and accuracy in a single score.
Throughput is conputed as the average nunber of correct
responses per mnute during a testing session.

C. SCOPE, LI M TATI ONS AND ASSUMPTI ONS

Twent y new y- commi ssi oned st af f cor ps of ficers
attending Oficer Indoctrination School (OS) volunteered
for a study in 2003 conducted by Naval Postgraduate School
(NPS) Information Technology graduate students devel oping
standardi zed data collection and storage nethods for Dr.
Nita MIler of NPS. The study ran for five days, with each
participant keeping a sleep/activity log, wearing an
Actigraph wistwatch, and taking the ARES Commander Battery
test on their personal digital assistant (PDA) three tines
per day. The rank of participants ranged from GO1 to O 3,
ages 24-36, and consisted of twelve nen and eight wonen,
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all presunably healthy with no apparent sleep disorder.
Partici pants experienced mld to noderate sleep deprivation

during the normal course of their training.
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1. METHOD

A PARTI Cl PANTS

The participants included twenty volunteers, 12 nales
and eight females, ages 24 - 36. They were presumably
healthy, wth no apparent sleep disorders. Parti ci pants
were recently conm ssioned staff corps officers with a
m nimum of 16 years of education and were of ranks O1
t hrough O 3.
B. APPARATUS AND | NSTRUVENTS

Upon arrival, OS distributed palmpilots on which the
NPS researchers |oaded Sleep and Activity Logs, and the
ANAM Readi ness Eval uati on System (ARES). Three different
ARES tests are available. The AOS study utilized the ARES
Commander Battery, which neasures Sinple Reaction Tinme (a
neasure of basic psychonotor speed), Running Menory
Conti nuous Performance Task (CPT) (a neasure of working
menmory and executive functions), and admnisters the
Stanford Sleepiness Scale (a subjective neasure of
al ertness/fatigue). Addi tionally, partici pants wor e
actigraphs, a wistwatch-like device with an accel eroneter
that neasures notion and is used to determne activity
| evel s. 2
C. DESI GN AND PROCEDURE

The study design is a prospective study, correlational
in nature, with repeated neasures of participants. Unlike a
traditional anal ysis of vari ance ( ANOVA), in which
individuals are assigned randomly to different treatnent

2 For a thorough description of the methods enpl oyed, please refer to
the NPS thesis witten by O Connor and Pattillo (Decenber 2004). The
study is described in Chapter VI. Naval Oficer Indoctrination School
Study in Reengineering Hunan Performance and Fatigue Research through
Use of Physiological Mnitoring Devices, Wb-Based and Mdbile Device
Data Col | ecti on Met hods, and Integrated Data Storage Techni ques.
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groups and then effects are assessed, in a repeated
nmeasures design individuals are subjected to nore than one
t r eat ment (G rden, 1992). In this study, r epeat ed
neasurenents were obtained from the volunteers over five
days. Actigraph data were collected, along with sleep and
activity logs, and used for input into FAST.3 Participants
| ogged critical changes in their state, in particular, for
exanpl e, when they went down for sleep, woke up, took the
watch off, and when they went on and off watch standing
duty. Additionally, participants were instructed to take
t he ARES Conmmander Battery three tines a day for five days.

ARES testing took approximately ten m nutes per session.

3 O Connor and Patillo explain the transformation of raw actigraphy
data into FAST files, the scoring algorithnms enployed, and subjective
deci si ons they nmade regardi ng data cl eani ng.
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I'11. ANALYTI CAL STRATEGY

A VARI ABLES

1. Response Vari abl e

FAST Predicted Performance Effectiveness score is the
continuous response variable. (bservations include FAST
scores and ARES test results matched by tinme and date.
Table 1 lists the range and quantiles of participants’ FAST
scor es. Thirty scores are excluded from the analysis
because those observations are mssing one or nore ARES
score (see “NA's”, Table 1). A histogram depicts the
di stribution of FAST scores (Figure 3). As expected, FAST
data are negatively skewed wth an average predicted

effecti veness of 90. 7%

***  Summary Statistics for data in: CRM and. SRT. SPLUS. data ***

FAST

M ni num 72.510

1st Quantile: 87. 210

Mean: 90. 738

Medi an: 91. 650

3rd Quantile: 94. 990

Maxi mum 101. 530

Total N 415. 000

NA' s: 30. 000

St andard Devi ati on: 5.932
Tabl e 1. Descriptive Statistics for FAST Performance

Ef f ecti veness.
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Histogram of FAST Performance Effectiveness Scores
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FAST

Fi gure 3. H st ogram of CObserved Fast Scores.
2. Predi ctor Vari abl es
a. Ti me Bl ocks

FAST incorporates a circadian process within the
SAFTE™ Model (see Figure 2). The Mbodel’s circadi an
oscillator is shown in Figure 4. Maj or peaks in
performance and al ertness are seen at about 1000 and 2000.
Mnimuns are in the early afternoon, at about 1400, and in
the early norning, around 0400. (Hursh, 2001)

24



Circadian Component of Performance (Temperature & Arousal)

15.00

10.00 +

5.00

0.00

Percent Change

-10.00 -

Circadian Amplitude: 7

Fi gure 4. Crcadian Gscillator in FAST. The Curve Marked
First and Last Are for the First and Third Days,
Respectively, of 72 Hours of Sleep Deprivation.

[ From Hur sh, 2001]

Time Dblocks were created to reflect FAST s
circadian oscillator and the OS sleep plan. During the O S
study, unless assigned to the night watch, participants
were allowed to sleep from 2200 to 0600. Vari ous
partitioning of the 24-hour day were explored in M Excel
The following five partitions appeared to be significant,
so the FAST and ARES scores were grouped according to these
time blocks (Table 2). As expected, Table 3 shows that
participants rarely took the ARES Conmander Battery between
m dni ght and 0437 (i.e., Tine Block 1).

25



Ti me Bl ock From- To
1 00: 00 - 04:47
2 04:48 - 09: 35
3 09:36 - 14:23
4 14:24 - 19:11
5 19: 12 - 23:59
Tabl e 2. The 24-hour Day Partitioned into Five Equal Tine
Bl ocks, Each Four Hours and 48 M nutes Long, Starting at

M dni ght .

***  Summary Statistics for data in: CRM and. SRT. SPLUS. data ***
Ti me. Bl ock Fr equency

6
125
118
61
105

gRwbE

Tabl e 3. Nunber of Observations for Each Ti ne Bl ock.

b. Subject and Session

Al though the OS study had 20 participants, only
two people conpleted all 15 schedul ed ARES testing sessions
(Figure 5). No test scores were collected for participant
6 and participant 15 tested only once. The average nunber
of ARES sessions across participants is 6.43, and the
standard deviation is 3.66. Subject is treated as a factor
and Session is an integer.
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Number of ARES Sessions Completed by Subject

Session

1.2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Subject

Fi gure 5. The Nunber of ARES Testing Sessions Recorded for
Each Parti ci pant.
c. Sinple Reaction Tine

The nedian reaction time for correct responses
(medRTC) and the standard deviation of reaction tine for
correct responses, 1% half of the testing session (sdRTCl),
are continuous nuneric variables. Qobservations for both
vari ables are positively skewed (Figure 6). It is apparent
that the two maxi mum values, 580 mlliseconds for nmedRTC
and 961 mlliseconds for sdRTCl, are outliers; the majority

of data fall close to the nmedian (Table 4).

***  Summary Statistics for data in: CRM and. SRT. SPLUS. data ***

medRTC sdRTC1
M ni num 160. 000 7.000
1st Quantile: 190. 000 25. 000
Mean: 215. 553 56. 947
Medi an: 205. 000 40. 000
3rd Quantile: 226. 250 67. 500
Maxi num 580. 000 961. 000
Total N: 208. 000 208. 000
NA's: 0. 000 0. 000
Standard Devi ation: 44.421 80. 280

Tabl e 4. Range and Quantiles of the Median (nmedRTC) and

Standard Devi ation (sdRTCl) of Reaction Time for the
ARES Si npl e Reaction Tinme Test.
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Histogram of medRTC
ARES Simple Reaction Time Test
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Histogram of sdRTC1
ARES Simple Reaction Time Test
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Fi gure 6.

Di stribution of the Median (nmedRTC) and Standard
Devi ati on (sdRTCl) of Reaction Tine Cbservations for

the ARES Sinple Reaction Tine Test
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d. Continuous Runni ng Menory

A continuous nuneric variable, sdRTC2 is the
standard deviation, in mlliseconds, of the reaction tine
for correct responses during the second-half of the testing
sessi ons. Also a nuneric variable, nRTC2 is the nean
reaction tinme of correct responses during the second-half
of each session; it is the average response latency in
m | |iseconds. Hi stograms illustrate the shape of the
distributions of sdRTC2 and nRTC2 (Figure 7). SdRTC2 is
negati vely skewed and ranges from 39 to 190, wth a nean of
115.6 and standard deviation of 34.3 (Table 5). MRTC2 is
positively skewed and binodal; observations range from 297
to 736, the nean is 464.5 and the standard deviation is
88.4 (Table 5).

***  Summary Statistics for data in: CRM and. SRT. SPLUS. data ***

sdRTC2 nRTC2
M ni num 39. 000 297.000
1st Quantile: 90. 000 394. 000
Mean: 115. 551 464. 473
Medi an: 119. 000 472. 000
3rd Quantile: 140. 000 526. 000
Maxi num 190. 000 736. 000
Total N 207. 000 207. 000
NA's : 0. 000 0. 000
St andard Deviation: 34.343 88. 391
Tabl e 5. Descriptive Statistics for the Standard Devi ati on

(sdRTC2) and Mean (nRTC2) of Reaction Tine during the
2" hal f of the ARES Continuous Running Menory Test.
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Histogram of mRTC2
ARES Continuous Running Memory Test
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Figure 7.

Di stribution of the Mean (nRTC2) and Standard
Devi ati on (sdRTC2) of Reaction Tine Cbservations for

t he ARES Continuous Running Menory Test.
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B. DESCRI PTI VE STATI STI CS

The range and variability of reaction tinme for correct
responses differ anong O S participants. As seen in Figure
8a, for sone participants, the range of wvariability in
reaction tinme is double that of co-participants (e.g., the
SdRTCL for Subject 17 is nore than double that of Subject
18). MedRTC appears to be Subject-specific; each
partici pant has his own distribution of reaction tinmes, not
necessarily overlapping other participants’ observations.
For exanple, Subjects 13 and 16 have no scores in comon
wi th Subjects 17 and 20 (Figure 8b).

sdRTC 1 by Subject

ARES Simple Reaction Time

1000
o]
800 |
_ 600 |
(@]
'_
o
el
(2] o
400 |
[e]
200 o .
5 é o © €] g ©
o o
8 ) 8 ° e 8 8
o 58§ 8 g8 58 B 5§86
T T T T T T T T T T T T T T T T T T T
1 2 3 4 5 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Subject
Fi gure 8a
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medRTC by Subject
ARES Simple Reaction Time
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Fi gure 8. St andard Devi ati on (sdRTCl) and Medi an (nedRTC) of

Reaction Tine for Correct Responses by Subject

The ARES Cont i nuous Runni ng Menory predi ct or
vari abl es, standard deviation in reaction tine (sdRTC2) and
mean reaction time (nmRTC2) for correct responses, are
pl otted against Session (Figure 9). MRTC2 has an obvious
downward trend as the Session nunber increases; inprovenent
in sdRTC2 is questionable. SAdRTC2 seens to inprove up
t hrough Session 7, after which the pattern is not apparent
(Figure 9). | mprovenents across Session are suggestive of

a practice-effect.
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mRTC2 by Session
ARES Continuous Running Memory
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Reaction Tinme for Correct Responses across Sessions.
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C. REGRESSI ON MODEL AND ANALYSI S

A linear mxed-effect regression nodel was devel oped
using S-PLUS 6.1, a statistical software package. (S PLUS
6.1 for Wndows Supplenent, 2002) M xed-effect nodels are
appropriate for repeated neasures data because they
incorporate both fixed and random effects. Fi xed effects
are paranmeters associated with an entire population, or
with repeatable |evels of experinental factors. Random
effects are associated with experinental units drawn at
random from a population. The predictor variables are
nmodeled as fixed effects, and their paraneters are
estimated by restricted maxinmum |ikelihood (REM). The
Fi xed-Ef fect part of the |inear m xed-effect nodel assunes
that the response, FAST scores, is obtained by taking a
linear conbination of the predictors. The w thin-group
errors have a Gussian (normal) distribution and are
allowed to be correlated and/or have unequal variances
(S-PLUS 2000 Professional Edition for Wndows, Release 3,
LVE Hel p).

Two i near m xed- ef f ect regressi on nodel s are
devel oped, one using the ARES Sinple Reaction Tinme test
data, the other using Continuous Running Menory test data
(Figure 10). For ARES Sinple Reaction Tine data, the
random effect is nodeled by a random intercept and grouped
by Subj ect. The random effect of ARES Continuous Running
Menory is also nodeled by a random intercept, but is
grouped by Session. Time Block is a fixed effect comon to
bot h nodel s. Additional fixed effect predictors for the
Sinpl e Reaction Tine nodel are nedRTC and sdRTCL. For the
Conti nuous Running Menory nodel, sdRTC2 and nRTC2 are
additional fixed effects.
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b)

Fi gure

Random effects: ~ 1 | Subject
Fi xed: FAST ~ Tine.Block + sdRTC1 + nmedRTC

Random effects: ~ 1 | Session
Fi xed: FAST ~ Tine.Block + sdRTC2 + nRTC2

10. Li near M xed-Effect Mddel Forrmula for a) Sinple
Reaction Time, and b) Continuous Runni ng Menory
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| V. RESULTS

A. ARES S| MPLE REACTI ON TI ME LI NEAR M XED- EFFECTS MODEL

The linear mxed-effects nodel, wusing ARES Sinple
Reaction Tine data, is FAST ~ 93.140 +6.148 *
(Ti ne. Bl ockl) + 1.344 % (Ti ne. Bl ock2) + 1.374 *
(Time.Block3) -1.117 * (Tinme.Block4) + 0.010 * (sdRTC1)
0.020 * (nmedRTCO). This is a regression prediction

equation; it describes the prediction of FAST scores based
on the predictor variables used in the regression analysis
(i.e., the right side of the equation). The intercept and
coefficients for each variable come from the statistical
report in Figure 12 (see nunbers under Val ue).

The intercept is 93.140. | f values are unavail able
for the predictor variables (i.e., they are set to zero in
the equation), the nodel predicts a FAST performance
ef fectiveness of 93.14% Tinme.Block is a binary variable
its value can be zero or one. Valid values for SdRTCl1 and
medRTC are continuous nunbers that fall wthin the range of
data used to generate the nodel (i.e., 7 to 961
mlliseconds for sdRTCL and 160 - 580 nilliseconds for
medRTC) . For exanple, if an individual takes the ARES
Sinmple Reaction Time test at 1015 and his medRTC is 205
mlliseconds and his sdRTCl1L is 40 mlliseconds, using the
regression prediction equation, his predicted FAST score
equal s 90.814, or 90.81% (Figure 11).
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FAST' ~ 93.140 + 6.148 *(Tinme.Blockl) + 1.344 *
(Tine.Block2) + 1.374 * (Tinme.Block3) -1.117 *
(Time. Bl ock4) + 0.010 * (sdRTCl) -0.020 * (nmedRTC)

Predicted FAST = 93.140 + 6.148*%(0) + 1.344*(0) +
1.374*(1) -1.117 *(0) + 0.010 *(40) -0.020*(205)

= 90. 814= 90. 81%

Figure 11. Computing a Predicted FAST Perfornmance Effectiveness
Score using the ARES Sinple Reaction Tinme Linear
M xed- Ef fects Predi ction Equati on.

According to the statistical report (Figure 12),
there is a high probability that there is a relationship
bet ween FAST performance effectiveness and the predictor
variables (i.e., Tinme.Block, sdRTCl, and nedRTC). The
results are statistically significant, as evidenced by p-
values less than .O5. The .05 p-value is sufficiently
stringent to safeguard agai nst accepting too nany
insignificant results as significant, while not being
overly difficult to attain (Newton & Rudestam 1999).

*** Linear M xed Effects Mdel ***
Random ef fect s

Formula: ~ 1 | Subject
(Intercept) Residua
St andard Devi ati on: 3.069 3. 427
Fi xed effects: FAST ~ Tine.Block + sdRTC1 + nmedRTC
Val ue Standard Error Degrees of Freedom t-val ue p- val ue
(I'ntercept) 93. 139 2.080 170 44. 777 0. 000
Ti me. Bl ockl 6.148 1.047 170 5.873 0. 000
Ti me. Bl ock2 1. 344 0. 384 170 3.502 0. 001
Ti me. Bl ock3 1.373 0. 249 170 5. 509 0. 000
Ti ne. Bl ock4  -1.117 0. 154 170 -7.240 0. 000
sdRTC1 0. 010 0. 004 170 2.315 0.022
medRTC - 0. 020 0. 010 170 -2.137 0. 034
St andar di zed Wt hi n- G oup Resi dual s:
M ni mum Quantile 1 Medi an Quantile 3 Maxi mum
-2.283 -0.586 0. 090 0.516 2.520
Nurmber of Cbservations: 193 Nurmber of Groups: 17
Fi gure 12. SPLUS 6.1 Report for ARES Sinple Reaction Tine

Li near M xed-Ef fects Model
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D agnostic plots displayed in Figure 13 indicate that
nodel ing assunptions are net. A residual, or prediction
error, is the difference between the actual and predicted
FAST score. Prediction error is expected across the range
of FAST scores, but vari ance must be const ant
(honoscedastic). As shown in Figure 13a, the ARES Sinple
Reaction Tinme |inear mxed-effects nodel has honbscedastic
residuals; they are scattered randonly. In contrast,
het eroscedasticity is indicated when the residuals spread

or fan out fromleft to right or right to left.

An additional assunption of linear regression is that
within-group errors have a Gaussian (normal) distribution
(i.e., a bell shaped curve that 1is symetrical and
uni nodal ) . A normal probability plot or Quantile-Quantile
(QQ plot is used to evaluate whether or not the data neet
this assunption. Figure 13b is a QQ plot for the ARES
Si npl e Reaction Tine nodel. The horizontal axis shows the
| ocation of the points as observed in the distribution.
The vertical axis shows the location of the points as
expected if the distribution is normal. A diagonal straight
line, as seen in Figure 13b, indicates that the observed
and expected distributions are the sanme (i.e., t he
distribution is normal), as required.

A final assunption of linear regression is the absence
of correlation between error terns (i.e., how strongly they
are related). This assunption is tested using an
autocorrelation plot (Figure 13c), which displays the
correlation of errors (i.e., residuals) across cases. The
length of the vertical bars represents the magnitude of the
correlation, with the value of +/- 1.0 indicating perfect

correl ation. However, the first position (i.e., Lag 0) is
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al ways

1.0.

Figure 13c shows that

acceptable for this nodel.

Quantiles of standard normal
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CORRELATION AMONG RESIDUALS
ARES Simple Reaction Time Linear Mixed Effects Model
| | | |

Autocorrelation

0.0 ‘ ‘ ‘ T ‘
-0.2 r

Fi gure 13c

Fi gure 13. ARES Si npl e Reaction Tinme Linear M xed-Effects Model
Di agnostic Plots: a) Q3 norm b) Residuals vs. Fitted
Val ues, c) Autocorrelation of Residuals

B. ARES CONTI NUOUS RUNNI NG MEMORY LI NER M XED- EFFECTS MODEL
The linear m xed-effects nodel using ARES Conti nuous
Running Menory data is FAST ~ 87.976 + 5.930 *
(Ti me. Bl ock1) + 1.180 * (Tine.Block2) + 1.4884 *
(Time.Block3) -0.983 * (Time.Block4) + 0.052 * (sdRTC2) -
0.010 * (nRTC2). The intercept and coefficients come from
SPLUS 6.1 output (see Value, Figure 15 As wth the
previous regression prediction equation (i.e., for Sinple
Reaction Tine), Tine.Block variables can be either zero or
one, with a one indicating the new observation falls within
that time bl ock. Al so, valid input for sdRTC2 can be any
conti nuous nunber between 39 and 190 mlliseconds. For
nRTC2, values nust be between 297 and 736 mlliseconds.
The intercept is 87.976. |If inputs are unavail able for the
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predi ct or vari abl es, the predicted FAST performance
effectiveness is 87.98% As an exanple, a new observation
occurs at 1550, consisting of an ARES Continuous Running
Menory nRTC2 of 472 milliseconds, and an sdRTC2 of 119
mlliseconds, the predicted FAST score is 88.461, or 88.46%
(Figure 14).

FAST" ~ 87.976 + 5.930 * (Tine.Blockl) + 1.180 *

(Time.Block2) + 1.488 * (Time.Block3) -0.983 *
(Ti me. Bl ock4) + 0.052 * (sdRTC2) -0.010 * (nRTC2)

87.976 + 5.930*(0) + 1.180%*(0) + 1.488*(0)
- 0.983*(1) + 0.052*(119) -0.010*(472)

88. 461= 88. 46%

Fi gure 14. Conputing a Predicted FAST Performance Effectiveness
Score using the ARES Conti nuous Running Menory Li near
M xed- Ef fects Predi ction Equati on.

Addi tionally, the probability of a relationship
between FAST performance effectiveness and the nodel’s
predictor variables (i.e., Tine.Block, nRTC2, and sdRTC2)
is high. Al Time Blocks and sdRTC2 are significant to the
al pha < .05 level (Figure 15). The nRTC2 p-value is .06,
but is retained in the nodel to encourage further

exploration of the variable' s relationship with FAST.
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*** Linear M xed Effects Mdel ***

Random ef f ect s:

Formula: ~ 1 | Session
(I'ntercept) Resi dual
St andard Devi ati on: 0. 002 4. 460
Fi xed effects: FAST ~ Tinme.Block + sdRTC2 + nRTC2
Val ue Standard Error Degrees of Freedom t-value p- val ue
(I'ntercept) 87.976 1.842 171 47. 755 0. 000
Ti me. Bl ockl 5.930 1.322 171 4.485 0. 000
Ti me. Bl ock2 1.179 0. 487 171 2.420 0. 017
Ti me. Bl ock3 1.488 0. 307 171 4.844 0. 000
Time. Bl ock4  -0.983 0.191 171 -5.136 0. 000
sdRTC2 0. 052 0.014 171 3. 717 0. 000
nmRTC2  -0.010 0. 005 171 -1.868 0. 063
St andar di zed Wt hin-Goup Residuals:
M ni mum Quantile 1 Medi an Quantile 3 Maxi mum
-2.199 -0.676 0. 107 0. 629 3. 058
Nurmber of Cbservations: 192
Nurmber of Groups: 15
Fi gure 15. SPLUS 6.1 Report for ARES Continuous Runni ng Menory

Li near M xed-Ef fects Mbdel

D agnostic plots of the nodel’s residuals indicate
t hat nodel i ng assunpti ons are nmet . Resi dual s are
honoscedastic (Figure 17a), wthin-group errors have a
Gaussian (normal) distribution (Figure 16b), and there is

no strong correlation anong residuals (Figure 16c).
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CORRELATION AMONG RESIDUALS
ARES Continuous Running Memory Linear Mixed Effects Model
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Fi gure 16. ARES Conti nuous Running Menory Linear M xed-Effects
Model Diagnostic Plots: a) QQnorm b) Residuals vs.
Fitted Values, c) Autocorrelation of Residuals

45



TH'S PAGE | NTENTI ONALLY LEFT BLANK

46



V. DI SCUSSI ON

Model ing fatigue, sleepiness, and performance is of
significant interest to the mlitary operational comunity.
Because a person is not a reliable judge of his or her own
Il evel of Dbiological sleepiness, comanders require an
objective nmeans to assess their crewrenbers’ ability to
perform One such nethod is FAST, the software application
based upon SAFTE™ SAFTE™ is a biomathematical node
designed to predict individual and group performance under
conditions of sleep deprivation. Al so, psychonot or
vigilance tests, such as the ARES Comander Battery,
provide instant feedback on an individual’s ability to
sustain levels of concentration, working nenory, and nental

efficiency.

FAST is currently the preferred tool used to predict
performance. However, days of sleep and activity data nust
be <collected before a neaningful assessnent can be
produced. In contrast, the ARES Commander Battery takes
less than 10 mnutes and can be administered on a digita
personal assistant. ARES is a new software package that
has not been validated, but is under consideration as a
qui ck, inexpensive nethod of testing an individual’'s |eve
of functioning in a mlitary operational setting.

Analysis of Oficer |Indoctrination School data was
aimed at identifying how ARES Sinple Reaction Tine and
Continuous Running Menory test scores vary by subject,
session, and tinme of day. Additionally, the relationship
bet ween ARES data and FAST performance effectiveness scores
were explored. Tinme of day was partitioned into five tinme

bl ocks that capture the changing direction of the human
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alertness curve (see Figure 1). Li near m xed-effects
nodels were built using search strategies, that is, al

possi bl e conbinations of ARES variables were explored as
predi ctors of FAST scores (i.e., the response variable).
ARES variables analyzed include the nean, nedian, and
standard deviation of reaction tines for ~correct and
i ncorrect responses; throughput, a neasure of speed and
accuracy; and, inter-trial responses, key presses between
stimuli when the screen is blank. These measures were
avail able for the entire session, the first half, and the

second half of each trial

Two linear mxed-effects nodels were devel oped; one
using ARES Sinple Reaction Tinme data, the second using ARES
Conti nuous Running Menory data. Tinme Block was included as
a fixed effect in both nodels. The standard deviation
(sdRTC1) and nedian (nmedRTC) reaction tinme for correct
responses are additional fixed effects in the ARES Sinple
Reaction tinme nodel (Figure 10). For the ARES Continuous
Running Menory nodel, the standard deviation (sdRTC2) and
mean (nNRTC2) reaction time for correct responses are fixed
effect predictor variables (Figure 10).

M xed-effects nodeling is preferred in research on
human neur obehavioral functions because it allows for
isolation of wvariability due to both inter- and intra-
i ndi vi dual differences (Van Dongen et al., 2004). The ARES
Sinmple Reaction Tinme linear m xed-effects nodel requires
Subject in the random effects formula. Wt hout Subj ect,
the fixed effects predictors, with the exception of Tine
Bl ock, were statistically insignificant. Additionally, the
residuals were heteroscedastic and non-nornal. Clearly,

Subj ect nust be nodel ed as a random ef fect.
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For the ARES Continuous Running Menory |inear m xed-
effects nodel, Session was the key random effect. Subj ect
was explored, but did not lead to a good nodel. It is
inmportant to note that these nobdels are alnobst certainly
over-fit to the OS data. Nurmerous variations and
conbi nations of predictor variables were explored. The
final nodels include the only statistically significant
conbination of variables found to adhere to |linear
regressi on nodeling assunptions. Because variable selection
based on searching exploits chance patterns in the Oficer
| ndoctrination School sanple, conclusions should not be
applied to other sanples or the population. Addi ti onal
studies need to be conducted to further explore these
findi ngs.

Addi tional insights came from in-depth exploration of
vari abl es. Unexpectedly, the three variables for throughput
(1.e., throughput, throughputl, and throughput?2) did not
account for variance in FAST performance effectiveness.
Al so, many ARES scores, including those used in the nodels,
inprove with additional sessions, suggesting a potential
bi as posed by training. There is an indication that
performance inproves with continued trials in this study, a

phenonenon commonly observed in human research.

An advantage of a repeated neasures strategy is that

it requires fewer individuals and the group serves as its

own control. However, disadvantages include attrition of
subj ect s. Wiile this study started with 20 volunteers,
only two participants conpleted all fifteen testing

sessi ons. Al so, practice, carry-over and fatigue can bias

the results.4 Evidence of a practice-effect is seen in the
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downward, inproving trend of ARES testing neasures (e.g.,

NMRTC2) as the nunber of testing sessions increase.

Overall, this study identified ARES variables that
show promse as i nst ant aneous i ndicators  of human
performance decrenent under conditions of mld sleep
deprivation (i.e., an average of six hours per night).
Equally inportant, although it was initially expected for
t hroughput to be the primary indicator of an individual’s
bi ol ogi cal sl eepiness, throughput did not account for
vari ance in FAST performance effectiveness. Addi tionally,
inter-individual differences accounted for nmuch of the
variability in ARES Sinple Reaction Tine scores, but
Session explained variability in ARES Continuous Running
Menory scores.

It is recomended that future studies include numerous
practice sessions on the ARES Commander Battery to overcone
the inproving trend found across sessions. Addi tionally,
in this study, baseline FAST performance effectiveness
values were set to individuals’ average FAST score during
the five-day study. The three days prior to the study were
conditioned, on an individual basis, to the average sleep
time per night of the study. For exanple, if a participant
averaged 362 mnutes per night, this average was used to
condition FAST for the three days prior to data collection.
To ensure accurate baseline FAST performance effectiveness
values, it 1is recomended that adequate actigraphy and
sleep log data be collected prior to beginning the study

data coll ection peri od.

4 Grden (1992) discusses biases and methods to correct for bias,
however nost limtations of a repeated neasures design appear to be an
issue when multiple levels (i.e., nore than one treatnent) are
enpl oyed. This OS study uses only one |evel.
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